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Preface

The DELTAS Africa Sub-Saharan Africa Consortium for Advanced Biostatistics
(SSACAB) training program is funded by the Wellcome Trust in partnership
with the Alliance for Accelerating Excellence in Science in Africa (AESA). The
consortium was established in 2015, with the overall aim of building a critical mass
of biostatisticians and biostatistics research leadership in Sub-Saharan Africa. This
is achieved through the development and strengthening of biostatistics capacity and
resource at the 11 participating local institutions, in collaboration with four local
research institutions and three northern university partners.

In celebrating the contributions, achievements, and progress of SSACAB scien-
tists and their partners and collaborators, this book is organized to document the
contributions from the consortium with a diverse mix of current scholarship and
exposition of biostatistics methods and application for evidence-based global health
in the Region. The volume features inspiring and informative chapters that reflect on
the accomplishments of biostatistics research and its applications that offer solutions
to local health problems. There are a total of 18 chapters to provide an overview of
the emerging topics in biostatistical methods and their applications to Sub-Saharan
Africa public health research and evidence-based management decision-making.

The structure of these 18 chapters is subsequently organized with the following
five parts. As an introductory chapter, chapter “Sub-Saharan African Region Strate-
gies to Improve Biostatistics Capacity: Exploring Collaborations Between Training
and Research Institutions,” describes the origins and contributions of SACCAB as
well as its structure.

Part I (Data Harmonization and Analysis) contains three chapters (Chapters 2
to 4). In chapter “Diagonal Reference Modelling of the Effects of Educational
Differences Between Couples on Women’s Health-Care Utilization in Eritrea,”
Ghilagaber adapted models developed in the social mobility literature to examine
the effects of differences between couples’ educational levels on women’s health-
related decisions (such as the propensity to deliver in health facilities). Both
conventional modeling and Diagonal Reference Modeling (DRM) which account
for origin (woman’s education), destination (partner’s education), and “mobility”
(differences between couples’ educational levels) are applied on data from Demo-
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graphic and Health Surveys (DHS). Results from conventional models reveal strong
effects of educational differences on women’s health-related decisions, but such
strong effects disappear when data is analyzed using DRM. In chapter “Sequential
Probit Modeling of Regional Differences in the Effects of Education on Parity
Progression Ratios in Ethiopia,” Ghilagaber and Peristera proposed a sequential
procedure to model differentials in parity progression in Ethiopia based on data
from its 2019 Mini Demographic and Health Survey in which 8885 women from 11
regions were interviewed. Their results showed that the sequential model provides
more insight than conventional models when exploring the association between
education and parity progression in particular and fertility decision process in
general. They also found both similarities and differences in the effects of education
on parity progression among the regions. In chapter “Propensity Score Approaches
for Estimating Causal Effects of Exposures in Observational Studies,” Twabi and
Manda assessed causal effects of maternal health (including HIV infection) and
breastfeeding practices on child health outcomes. They offered a statistical causal
inference method to rigorously investigate the purported causal relationships of
maternal HIV infection, nutritional status, and breastfeeding practices on child
health outcomes from population-based nationally representative data from Demo-
graphic and Health Surveys in Malawi and Zambia.

Part II (Systematic Review and Statistical Meta-Analysis) is organized with four
chapters (Chapters 5 to 8). In chapter “Evidence-Informed Public Health, System-
atic Reviews and Meta-analysis,” Abariga, Ayele, McCaul, Musekiwa, Ochodo, and
Rohwer used systematic reviews, statistical meta-analysis, and illustrative examples
relevant to Sub-Saharan Africa that can be used to inform public health decisions.
They unpacked aspects that need to be considered when performing meta-analysis
including statistical tests to use, assessment of heterogeneity, subgroup analysis,
meta-regression, and sensitivity analysis. Furthermore, they covered emerging
techniques in the meta-analysis, including network meta-analysis, multivariate
meta-analysis, data synthesis when meta-analysis is not possible, and meta-analysis
of diagnostic test accuracy (DTA) studies. In chapter “Statistical Meta-analysis
and Its Efficiency: A Real Data Analysis and a Monte-Carlo Simulation Study,”
Chen gave an overview of meta-analysis on classical fixed-effects and random-
effects to synthesize summary statistics as well as meta-regression to explain
the between-study heterogeneity. A Monte-Carlo simulation study was designed
to illustrate the relative efficiency of the MA using summary statistics to the
MA using the original individual participant-level data. Real meta-data from 13
clinical trials to assess the Bacillus Calmette-Guerin vaccine in the prevention of
tuberculosis was used to demonstrate the implementation of these meta-analysis
models. In chapter “Meta-Analysis Using R Statistical Software,” Onyango and
Wao introduced a series of topics in systematic review and meta-analysis (SRMA).
They used illustrative examples to demonstrate how SRMA is undertaken for one
continuous and one dichotomous outcome. In chapter “Longitudinal Meta-analysis
of Multiple Effect Sizes,” Musekiwa and colleagues discussed the meta-analysis
from multiple outcomes where multiple effect sizes are estimated and produced.
These estimated effect sizes could be correlated because they are measured from
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the same studies. Additionally, the outcomes are often measured longitudinally,
resulting in multiple effect sizes estimated repeatedly over time. This chapter
proposes methods for statistical meta-analysis combining summary data from more
than one longitudinal study with multiple effect sizes. The proposed methods were
illustrated by an analysis of an example involving longitudinal meta-analysis of HIV
studies assessing the effect of some antiretroviral drugs in improving viral load
suppression and increasing CD4 count at weeks 4, 8, 12, 16, 20, 24, 32, 40, and
48 after start of treatment assignment.

Part III (Spatial-Temporal Modelling and Disease Mapping) consists of two
chapters (Chapters 9 to 10). In chapter “Measuring Bivariate Spatial Clustering in
Disease Risks,” Darikwa and Manda compared a set of full Bayesian estimations
for fitting a multivariate spatial disease model. They applied the models to age-
gender all-cause mortality in South Africa and childhood illnesses in Malawi. The
effect on the degree of spatial correlation after adjusting for socio-demographic
factors previously associated with studies diseases is also assessed. In chapter
“Bivariate Copula-Based Spatial Modelling of Health Care Utilisation in Malawi,”
Gondwe, Chipeta, and Kazembe constructed three joint models: first to analyze the
distribution of mixed binary-continuous data, a second for a mixture of a count and
continuous variables, and a third for a discrete set of count and binary variables.
The models are applied to study ANC utilization among Malawian women using
the 2015 Malawi Demographic and Health Survey (MDHS) data, drawn using
a stratified cross-sectional survey design. The models allowed for simultaneous
estimation of dependence and marginal distribution parameters of timing and
frequency of healthcare utilization to understand factors influencing utilization.
Covariates included demographics, socio-economic factors, and location. Various
models were fitted and compared, assuming different spatial structures.

Part IV (Bayesian Statistical Modelling) is composed of four chapters (Chapters
11-14). In chapter “Bayesian Survival Analysis with the Extended Generalized
Gamma Model: Application to Demographic and Health Survey Data,” Liang and
Ghilagaber extended the existing family of flexible survival models by assembling
models scattered across the literature into a more knit-form and under the same
umbrella. New special cases are obtained not only by constraining the shape
and scale parameters of the extended generalized gamma (EGG) model to fixed
constants but also by imposing relationships (such as reciprocal) between them.
The models were illustrated using data on family initiation from Demographic
and Health Surveys in some Sub-Saharan African countries. Preliminary results
showed that the further extended family of distributions provided a wide range of
alternatives for a baseline distribution in the analysis of survival data. In chapter
“Dynamic Bayesian Modeling of Educational and Residential Differences in Family
Initiation Among Eritrean Men and Women,” Munezero and Ghilagaber proposed a
dynamic Bayesian survival model in analyzing differentials in the timing of family
initiation. Such formulation relaxed the strong assumption of constant hazard ratio
in conventional proportional hazard models and allows covariate effects to vary
over time. The inference is fully Bayesian and efficient sequential Monte Carlo
(Particle Filter) is used to sample from the posterior distribution. They illustrated
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the proposed model with data on entry into first marriage among Eritrean men
and women surveyed in the 2010 Eritrean Population and Health Survey. Results
from the conventional proportional hazards model indicated significant differences
in family initiation among all educational and residential groups. In the dynamic
model, on the other hand, only one educational and one residential group among the
women and only one residential group among the men differed from their respective
baseline groups. In chapter “Bayesian Spatial Modeling of HIV Using Conditional
Autoregressive Model,” Ogunsakin and Chen proposed a generalized linear model
(GLM) with Bayesian inference to build the Spatially Varying Coefficients model
and compared it with the stationary model to evaluate the spatial association
between the incidence of HIV and some socio-demographic risk factors in Nigeria.
They found a nonlinear relationship between the incidence of HIV and age. The
modeling of the socio-demographic predictors of HIV infection and spatial maps
provided in this study could aid in developing a framework to alleviate HIV and
identify its hotspots for urgent intervention in the endemic regions. In chapter
“Estimating Determinants of Stage at Diagnosis of Breast Cancer Prevalence
in Western Nigeria Using Bayesian Logistic Regression,” Ogunsakin and Chen
estimated the prevalence and investigated determinants of stage at diagnosis by
constructing Bayesian logistic regression model from a generalized linear modeling
using socio-economic, demographic, and medical factors. They established that age,
higher educational level, being a westerner, as well as choosing nursing as a career
were the major factors that motivate early stage at breast cancer diagnosis in this part
of Nigeria and that delays in diagnosis reflect a lack of education. They recommend
an intensive health education program in order to increase early-stage diagnosis for
patients.

Part V (Statistical Applications) has four chapters (Chapters 15-18) to discuss
the statistical methods and applications in longitudinal data, survival data, and
missing data imputation. In chapter “Identifying Outlying and Influential Clusters
in Multivariate Survival Data Models,” Kaombe and Manda developed methods for
group outlier and influence assessments for the time-independent clustered survival
model. Appropriate extensions of martingale-based residuals in univariate survival
model and the re-weighted minimum covariance determinant method in multivariate
linear mixed-effects model have been defined for group outlier analysis for the
clustered survival model. They adapted influence approximations based on the one-
step Newton-Raphson method for maximum likelihood estimators in univariate
survival analysis to develop a group influence method for the survival mixed model.
They demonstrated the performance of the proposed methods through a simulation
study and real data application. In chapter “Joint Modelling of Longitudinal and
Competing Risks Survival Data,” Masangwi, Muula, and Mukaka used a joint
modeling framework to combine the three blocks in the analysis. The methods were
applied to the malaria dataset from Malawi where longitudinal markers hemoglobin
level and parasite count were considered. Time to treatment failure due to severe
malaria and time to withdrawal were the survival outcomes. Different survival
outcomes were observed, and they noted that when there is an association between
longitudinal and survival outcomes in biomedical research, joint models should be
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considered as they performed better than the separate methods. But where there is
no association, separate models for survival and longitudinal data analysis should
be considered. In chapter “Stratified Multilevel Modelling of Survival Data: Appli-
cation to Modelling Regional Differences in Transition to Parenthood in Ethiopia,”
Ghilagaber, Akinyi Lagehéll, and Yemane presented a multilevel extension of the
Cox proportional hazards model where a shared frailty term is included to account
for clustering of women within households. The extended model is used to analyze
regional differences in the intensity of transition to parenthood among 15,019
Ethiopian women aged 15-49 years old in the country’s Demographic and Health
Survey of 2016. They found that household frailty effects are fairly small in the
nine regions, but the log-normal frailties were significant in the entire country and
the two city administrations which are relatively heterogeneous with inhabitants
from many ethnic groups. They also found regional differences in the effects of
the background variables on the intensity of transition to parenthood, but the effects
were generally stable across the three models in each region. In chapter “Application
of Multiple Imputation, Inverse Probability Weighting, and Double Robustness in
Determining Blood Donor Deferral Characteristics in Malawi,” Kudowa, Mavuto,
and Mukaka addressed missing data to a retrospective cohort involving blood donor
data to estimate predictors of donor deferral status. The logistic regression model
was fit on deferral status and the independent variables. Multiple Imputation by
Chained Equation, Inverse Probability Weighting (IPW), and Double Robustness
(DR-IPW) were applied to correct for the missingness. The estimates from these
methods were compared with estimates from the CC method.

We sincerely thank all of the people who have given us strong support for
the publication of this book on time. Our acknowledgments go to all the chapter
authors (in the “List of Contributors”) for submitting the excellent works to this
book. We deeply appreciate the reviews of many reviewers (in the “List of Chapter
Reviewers”). Their comments and suggestions have improved the quality and
presentation of the book substantially. Last but not least, we are so grateful to Laura
Aileen Briskman and Eva Hiripi (Editors, Statistics, Springer Nature) and Kirthika
Selvaraju (Project Coordinator of Books, Springer Nature) for their full support
during the long publication process. We look forward to receiving comments about
the book from the readers. For any suggestions about further improvements to the
book, please contact us by email.

Phoenix, AZ, USA Ding-Geng (Din) Chen
Pretoria, South Africa Samuel O. M. Manda
Johannesburg, South Africa Tobias F. Chirwa
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Abstract There has been an increase in health sciences research conducted within
the sub-Saharan African (SSA) region in connection with the rest of the world.
However, the capacity to analyse the generated data to support public health
policies has been limited. Several initiatives aimed at building and retaining
biostatistics resources and capacity in the region have been implemented with
differing successes, scope and coverage. One such initiative is the African Academy
of Sciences (AAS), Alliance for Accelerating Excellence in Science in Africa
(AESA), the DELTAS Africa Sub-Saharan African Consortium for Advanced Bio-
statistics (SSACAB) training programme. The DELTAS Africa SSACAB training
programme was created to address the dearth of biostatistical capacity in the SSA
region. It relies on the principle of pooling together limited biostatistics capacity in
the African region to increase the numbers of trained fellows through collaborative
masters and doctoral training. This book showcases some of the research work that
has been undertaken under SACCAB. In this introductory chapter, we describe
the origins and contributions of SACCAB as well as its structure. A total of 150
fellows of which 123 are masters fellowships (41 female) have been produced under
SACCAB.
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1 Introduction

Health sciences research plays a key role in strengthening health systems, providing
evidence-based interventions which help to inform policy and practice (Agnandji
et al., 2012; Franzen et al., 2017). Although a lot of data has been generated
from such initiatives and largely driven by local research institutions in most sub-
Saharan African (SSA) countries (Gezmu et al., 2011), there is limited statistical
and biostatistical capacity to analyse such data (Thomson et al., 2016). The limited
biostatistical capacity often based in universities and research institutions is often
overstretched (Gezmu et al., 2011; Machekano et al., 2015).

Training biostatisticians abroad is not cost-effective compared to utilising exist-
ing local institutions. Further, many biostatisticians trained abroad rarely return
to their home countries. A group of local biostatisticians dotted within the SSA
region took the opportunity and started an initiative to build the critical mass to
fill the urgent need for biostatisticians in the region. The group of biostatisti-
cians piggybacked on the existing limited post-graduate training programmes and
research institutions that provided cutting-edge health sciences research questions
and learning experiences for masters and doctoral fellows (Machekano et al.,
2016; Thomson et al., 2016). This resulted in the formation of the DELTAS
Africa SSACAB training programme (Chirwa et al., 2020). The DELTAS Africa
SSACAB programme constitutes 11 African universities in 9 countries, 4 research
institutions and 4 Northern partners led by the School of Public Health based at
the University of the Witwatersrand, Johannesburg. Chirwa et al. (2020) highlight
and describe the eight other initiatives in the region which are geared towards
developing biostatistics capacity. SSACAB is based on the principle of pooling
limited biostatistics resources in training and research institutions to teach and
supervise postgraduate students at various partner universities.

One of the research institutions which have actively contributed to the success of
SSACAB is the South Africa Medical Research Council (SA MRC) Biostatistics
Unit. The biostatistics unit is one of the intra-mural capacity building efforts
based in the SAMRC whose mandate is to provide biostatistics expertise and
support to the organisation’s network of medical and health researchers as well
as government departments and national and international research bodies and
is an interdisciplinary unit with expertise in biostatistics, GIS, data management
and food science. The key focus areas for the biostatistics unit are to develop
generic, innovative and rigorous statistical methodology that improves the design
and analysis of health studies and to provide biostatistical leadership and expertise
in collaborative health and medical-related research projects. The unit also produces
and uses health-related maps and dietary intake research tools in the national
food database. The SAMRC Biostatistics Unit is also responsible for ensuring that
a high standard of data quality is achieved in all studies through rigorous data
management by providing relevant biostatistical knowledge and support to inform
local, national and international public health policy through service on projects
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and review boards. The unit supports SSACAB capacity-building efforts through
postgraduate supervision and specialised training in South Africa and in the region.

More recently, we have seen growth, especially in South Africa, to support
capacity for advanced biostatistics through research chairs. One such unique
chair, based at the University of Pretoria, was funded by the South African
Research Chair Initiative (SARChI) in 2018 and supported by the Department
of Science and Technology (DST), the National Research Foundation (NRF) and
the South African Medical Research Council (SAMRC). There are several long-
term objectives for this SARChI Research Chair in Biostatistics. Firstly, this
SARCHhI Research Chair in Biostatistics is to develop novel biostatistics method-
ologies for designing and building appropriate foundations for health research
and interventions that will provide the tools for building classical and adaptive
research interventions to meet cost-effective public health needs and interventions
in South Africa. Secondly, this SARChI Research Chair in Biostatistics is to
develop novel methodologies for analysing rich and complex biostatistical data
obtained from intensive longitudinal research in public health, cancer epidemiology,
bioinformatics and genetics, HIV/AIDS and malaria intervention and management.
Thirdly, the SARChI Research Chair in Biostatistics is to develop computational
software and tools for use by researchers in public health and to publicise these
novel methodologies to facilitate their application and implementation. Some of
these software and tools can be patented, and some will be distributed free for
immediate public use and to train faculty members, students and public health
researchers by means of short courses and seminars during national/international
conferences and advanced courses in biostatistics to train qualified biostatisticians
needed to address the copious enormous number of public health issues facing SA
today. Since 2018, the SARCHI Research Chair in Biostatistics has published 12
books in biostatistics and public health in internationally known journals. Forty-
eight referred papers are also featured in public available journals highlighting
the importance of biostatistical methods and applications for solving public health
problems. The SARChI Research Chair in Biostatistics has also presented six
keynote presentations at international conferences and has taught eight lectures at
international biostatistics workshops. In terms of building capacity, the SARChI
Research Chair in Biostatistics has trained and mentored 5 postdocs, 3 PhD students,
8 masters fellows and 26 honours students.

2 SSACAB

A total of 150 (masters and PhD) fellows have been awarded scholarships to date
from 14 different countries in SSA. Since the inception of the SSACAB in 2016,
a total of 123 masters have been awarded a fellowship as of 2018. Of these 90%
have completed their MSc degrees in biostatistics and graduated. Thirteen masters
graduates have been enrolled in PhD programmes either in the same institutions that
they graduated from such as KCMCo or in partner institutions two at KWTRP and
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collaborating programmes, Malawi Liverpool Wellcome Trust Programme, Catholic
University of Health and Allied Sciences in Tanzania and in the universities of Cape
Town and Kwa-Zulu Natal as well as three who are in the United Kingdom and
other parts of SSA highlighting SSACAB’s global reach and clear career pathing
goals.

To date, our masters and PhD fellows have been able to publish more than
60 research articles in peer-reviewed journals such as Frontiers, BioMed Central,
journals of medical statistics and informatics, Lancet Global Health, Geospatial
Health, Statistical Methods in Medical Research, Research in Mathematics &
Statistics and many other high-impact journals. Their publications address various
research areas using longitudinal data analysis (malaria, HIV repeated measures),
machine learning, spatial analysis (malaria clustering, malnutrition, mortality),
transition modelling (HIV staging, family formation and dissolution) and stochastic
and deterministic modelling (nutrition interventions) to address regional public
health challenges.

Although initially SSACAB had planned 15 PhD fellowships, a total of 27
(10 female) PhD students have been offered fellowships. Of these, six PhDs are
now pursuing post-doctoral fellowships or working as lecturers in various African
countries.

There are currently more than 40 peer-reviewed publications from PhD fellows.
SSACAB has also partially supported other PhD students enrolled in partner
institutions with their manuscript publication fees in peer-reviewed open-access
journals. Furthermore, staff members within SSACAB have also been supported
in publishing their research work, while some have presented their work at
international conferences such as The Sub-Saharan Africa Network (SUSAN) of
the International Biometrics Society (IBS), the South African Statistical Association
and conferences organised by SSACAB since 2017 to 2021. Partially supported staff
and student research have resulted in approximately 65 peer-reviewed and open-
access publications. Some staff-supported research has resulted in the publication of
books, including the Statistical Modelling of Complex correlated and clustered data
using household surveys in Africa edited volume from the University of Namibia
(Ngianga-Bakwin & Lawrence, 2019).

3 Collaborations with Training Institutions

The SAMRC BSU collaborated with the MASAMU Program at Auburn University
(funded by the National Science Foundation (NSF)). One of its objectives is to
enhance research in the mathematical sciences within Southern Africa Mathe-
matical Sciences Association (SAMSA) institutions and the African Institute for
Mathematical Sciences (AIMS). The AIMS has six centres of excellence across
Africa, in Ghana, Cameroon, Senegal, Tanzania and Rwanda, and South Africa.
AIMS’s objective is to enable Africa’s talented students to become innovators
driving the continent’s scientific, educational and economic self-sufficiency. The
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South African Centre for Epidemiological Modelling and Analysis (SACEMA),
another collaborator, is a national research centre dedicated to modelling and
analysis to improve health in South Africa and across the African continent.
SACEMA offers training in mathematics, biology, physics, economics, statistics and
epidemiology; we bridge disciplines to understand disease dynamics and improve
real-world outcomes. The Wellcome Trust African Institutions Initiative (AII)
through several consortia (e.g. SSACAB, CARTA and other regional initiatives
including Training Health Researchers into Vocational Excellence in East Africa
(THRiVE)) links academic and research institutions from Uganda, Rwanda, Tan-
zania and Kenya. The Netherlands—African Partnership for Capacity Development
and Clinical Interventions of Poverty-related Diseases (NACCAP), which builds
research capacity between several sub-Saharan African academic institutions with
support from Dutch partners; the Health Research Capacity Strengthening Initiative
partnership between the UK Department for International Development (DFID), the
International Development and Research Centre (IDRC) Canada and the Wellcome
Trust, SACORE and BAPED, have made significant progress to build research
capacity.

These initiatives have had various degrees of success. However, most have been
rather disjointed and more focused on HIV/AIDS, TB, child and maternal health
with statisticians leaving to private industry, as there are few academic centres for
biostatistics that are tightly linked to local biomedical research. Perhaps, one of the
most concerning issues has been a lack of systematic and rigorous interrogation
of the data being used. South Africa and the sub-Saharan African (SSA) region
generate huge amounts of health data from a variety of sources including demo-
graphic and health surveillance sites (DHSS), regional and nationally representative
health surveys and Routine Health Information Systems (RHIS). These data have
varying concerns regarding completeness, timeliness, representativeness and accu-
racy. However, their utilisation remains sub-optimal because optimal analyses of
such data demand an in-depth assessment and investigation of data and the process
and design that generated it. Moreover, current postgraduate training in biostatistics
has tended to produce ‘data analysts’, with heavy reliance on implementation
of developed biostatistics techniques in the widely available statistical software.
Seldom have this training embedded development and validation of methods
relevant to the problem at hand. SACCAB tried to blend the two: reliance on
implementation of developed biostatistics techniques in the widely available and
development and validation of methods relevant.

4 Conclusion

There has been tremendous progress in terms of capacity building and research for
students as part of their training and learning experiences. While others have had
opportunities to publish their work, some were limited and could not showcase
their work and advanced biostatistical skills gained through research and analysis
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conducted. This book, therefore, provides an excellent opportunity to the readers to
see the high-level analysis conducted over the 5-year period or so by locally trained
biostatisticians to answer cutting-edge research questions within the SSA region.
It not only aims to show evidence-based decisions based on such analysis but also
that, if the right candidates are identified, nurtured and mentored, the region is able
to support research without exporting data for analysis abroad.
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Diagonal Reference Modelling of the )
Effects of Educational Differences oo
Between Couples on Women’s

Health-Care Utilization in Eritrea

Gebrenegus Ghilagaber

Abstract We examine effects of differences in education between couples on
women’s propensity to utilize health care (specifically deliver at health facilities
instead of at home). We contrast results from conventional logistic regression with
those from diagonal reference models (DRM). Data used for illustration come
from the 2002 Eritrean Demographic and Health Survey (DHS) and consist of
4255 women who have borne at least one child by the survey time (with a total
of 6366 children). Standard logistic regression models indicate strong effects of
educational differences on women’s decision to deliver at health facilities. On the
contrary, results from Diagonal Reference Modelling which accounts for origin
(woman’s education), destination (partner’s education), and mobility (differences
between couples’ educational levels) show that there is no mobility effect. If any,
DRM reveals that woman’s own education is more important than her partner’s
education in such decisions. That the mobility effect disappeared in the DRM is
in accordance with previous studies that used DRM and where mobility had no
effect on the outcome variable in diverse fields. But, our recommendation is not to
encourage users to use the results from DRM. Rather, we recommend to examine
the DRM model more closely in the light of recent studies suggesting that an artifact
of the model itself may lie behind the lack of mobility effects.

Keywords Social mobility - Diagonal reference models (DRM) - Health care
utilization - Eritrea - Mother’s education - Partner’s education - Couple’s
education - Health decision - Hospital delivery - Birth outcome - Logistic
regression - Binary outcome - Ideal number of children - Intended number of
children - Family size - Maternal health - Prenatal care - Model artifact -
Demographic and Health Surveys (DHS) - The DHS program - Developing
countries - Family planning - Baseline levels
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1 Introduction

Institutional delivery and prenatal care have been some of the main recommenda-
tions of the World Health Organization (WHO) in order to improve the outcome
of pregnancy in developing countries, see, for instance, World-Health-Organization
and Others (2016). Since there are no formal randomized experiments on health
care utilization, it is difficult to evaluate its benefits without examining correlates to
health care utilization—especially in countries where health care centers may not be
uniformly distributed across regions or rural and urban areas, see Ghilagaber (2014)
for a method to correct for such selection bias.

To address this issue, investigators have often controlled for some of women’s
characteristics such as residence and education (alone or together with her partner’s
education and/or occupation) in models relating health inputs to outcome such as
maternal health. However, the role of educational difference between couples has
been ignored—especially in investigations based on data from Demographic and
Health Surveys (DHS).

In this chapter, we attempt to fill this gap in knowledge and adapt models
developed in the social mobility literature to examine effects of differences between
couples’ educational levels on women’s propensity to utilize facilities (especially
deliver a child at health facilities). These models, developed by Sobel (1981, 1985)
and known as Diagonal Reference Models (DRM), account for woman’s education
(origin), her partner’s education (destination) as well as differences between their
educational levels (mobility). The model is applied on data from 4255 women with
at least one child in the 2002 Eritrean Demographic and Health Survey (DHS) which
resulted in 6366 children in total.

The main research question we intend to address is if educational mobility (being
married to a partner with a different educational level) itself affects a woman’s
propensity to deliver a child at health facilities aside from the effects of her own
educational level.

Results from conventional logistic regression reveal strong effects of mobil-
ity (educational differences) on women’s decision to deliver at health facilities.
However, such strong effects disappear when the same data is analyzed using the
Diagonal Reference Models. Our results are in accordance with many other findings
based on DRM in various fields and different outcome variables. Some recent works
are reported in van der Waal et al. (2017), Boylan et al. (2014), Chaparro and Koupil
(2014), Aitsi-Selmi et al. (2013), Kuntz and Lampert (2013), Krzyzanowska and
Mascie-Taylor (2011), and Heraclides and Brunner (2010). But, we are not yet in
a position to recommend the DRM model because there are other ongoing studies
suggesting that the lack of mobility effects in the DRM can be an artifact of the
model itself.

We introduce our illustrative data set in Sect.2. In Sect.3, we describe the
Diagonal Reference Model. This model is then applied on our data set in Sect. 4
and the results are compared with those from a standard logistic regression model
for the propensity to deliver in health facilities. We summarize the findings of our
chapter by way of concluding remarks and recommendations in Sect. 5.
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2 Data: Hospital Delivery Among Eritrean Women

Data used for illustration in this chapter come from the 2002 Eritrean Demographic
and Health Survey, see National-Statistics-Office-Eritrea and Macro-International-
Inc. (2003). Usable records for the purpose of this chapter consist of 4255 women
who have borne at least one child by the survey time (March—July 2002) and with
valid values for the their own and partner’s educational levels and other background
variables. The total number of births by these women was 6366 children.

Frequency distribution of the data set across couples’ educational levels is shown
in Table 1 (left panel) while the corresponding percent distribution is shown on the
right panel. Thus, 2278 women (53.54%) had no education and were married to a
partner with no education while 448 women (10.53%) reported they have primary-
level education and were married to a partner with the same level of education. 401
of the 4255 women (9.42%) reported to have secondary or higher level education but
only 32 (0.75% of the entire sample) were married to a partner with no education.

Table 2 displays frequency distribution of the women who reported to have
delivered their first child in hospital. Thus, only 1034 of the 4255 women (24.30%)
delivered their first child at health facilities while the rest 75.70% reported that
they have delivered their first child at home (with the help of traditional midwives).
The right panel of Table 2 shows corresponding percent distributions of these 1034
hospital deliveries.

Table 3 shows percent of hospital deliveries among all women and is obtained
by dividing the frequencies in Table 2 by the corresponding entry in Table 1. The
educational gradient in the propensity to deliver at hospital is clear in Table 3. Thus,
while couples with no education constitute more than half of the sample (53.54%),
only 8.43% of women in this group have delivered in hospital. Couples with the

Table 1 Frequency and percent distribution of the sample across couples’ education

Frequencies | Partner’s educ Percentages | Partner’s educ

Owneduc | No Prim. | Sec. | Total | Owneduc |No Prim. | Sec. Total
No Educ 2278 | 591 81 |2950 | None 53.54 | 13.89 1.90 | 69.63
Primary 209 | 448 247 | 904 | Primary 491 | 10.53 5.80 | 21.25
Second+ 32 66 |303 | 401 |Second+ 0.75 1.55 7.12 9.42
Total 2519 | 1105 | 631 | 4255 | Total 59.20 | 25.97 | 14.83 | 100

Table 2 Frequency and percent of hospital delivery across couples’ education

Frequencies | Partner’s educ Percentages | Partner’s educ

Own educ No |Prim. |Sec. |Total |Owneduc |No Prim. | Sec. Total
No Educ 192 | 95 38 325 | None 18.57 9.19 3.68 | 31.43
Primary 61 | 155 151 367 | Primary 590 | 1499 | 14.60 | 35.49
Second+ 25 51 |266 | 342 | Second+ 242 493 | 25.73 | 33.08

Total 278 | 301 455 |1034 | Total 26.89 | 29.11 | 44.00 | 100
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Table 3 Percentage of
hospital deliveries in the

Partner’s educ
Woman’s educ | No Educ | Primary | Secon+ | Total

sample
No Educ 8.43 16.07 46.91 11.02
Primary 29.19 34.60 61.13 40.60
Second+ 78.13 77.27 87.79 85.29
Total 11.04 27.24 72.11 24.30

highest educational level (secondary or higher), on the other hand, constitute only
7.12% of the sample but 87.79% of women in this group have reported they
delivered their first child at health facilities.

Overall we observe a strong association between couples’ educational levels and
the decision to deliver in health facilities (hospital) but also that women’s own
education is more important than partner’s education in such decisions. As reported
in Ghilagaber (2018) part of the explanation may be that highly educated couples
live in urban areas where health facilities are easily accessible and we will control
for residence and other background variables when analyzing the data in Sect.4
after introducing the Diagonal Reference Model below.

3 Diagonal Reference Models

The diagonal reference model was developed by Sobel (1981, 1985) to build on the
rectangular model of Hope (1971) to examine the effect of social mobility (changes
in social class between generations) on demographic outcome. It was later applied
to other areas like political efficacy in Clifford and Heath (1993), attitude towards
immigrants in Paskov et al. (2019), health and well-being in Chan (2018) and Prig
and Richards (2019). It was also adapted to problems outside social class such as
educational differences in, among others, Eeckhaut et al. (2013).

The diagonal reference model treats origin, destination, and indicators for
upward and downward mobility differently. In the original formulation in Sobel
(1981, 1985), origin refers to parent’s social class, destination to own social class,
and mobility as belonging to a social class that is different from parent’s. In this
chapter, however, origin refers to a woman’s own educational level, destination
refers to her partner’s educational level, and mobility refers to having a partner with
different educational level hers.

The model is designed for contingency tables classified by factors with the same
levels (same number of rows and columns). The main diagonal then represents the
“immobile” individuals (those who have the same educational level as their partners)
and are assumed to set the norm of behavior. The mobile individuals occupy the off-
diagonal cells and are either upward mobile (their own educational level is lower
than their partner’s) or downward mobile (their own educational level is higher than
their partner’s).
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Turner and Firth (2022) model the cell means as a function of the diagonal
effects, i.e., the mean responses of the “diagonal” cells in which the levels of the row
and column factors are the same. In our present case, we have a three-way square
matrix defined by the three educational levels described in the previous section (No
Educ, Primary, Secondary, or higher). Following Turner and Firth (2022), if the
mean response in cell (7, j) is denoted by u;;, then the diagonal reference model
expresses it as

wij = opii + (1 — o) 1jj,

where w (0 < w < 1) is a weight associated with the origin (woman’s education)
and reflects the degree of importance of her own education in couples with different
educational levels. Women in cell (i, i) and their partners in cell (j, j) represent
“pure” i and j effects, respectively, whereas individuals in cells (i, j) have partners
with lower or higher educational levels than their own and, hence, represent some
intermediate category.

According to Turner and Firth (2022), a diagonal reference term comprises an
additive component for each factor. The component for factor f is given by

_ eXp %)
I Y exp3r)

where the sum is over the levels of the factor and §, is a parameter to be estimated.

Thus, in a diagonal reference model for a contingency table classified by
the row factor i (origin=woman’s own education) and the column factor j
(destination = her partner’s educations), the mean response in cell (i, j) is given by

8 5
wij = wyi + (1 — o)y = ( exp (91) ))/i n < exp (2) )yj’

exp (81) +exp (82) exp (81) +exp (82)

where y; and y; are mean responses of origin i and destination j (ith education
level of woman and jth education level of her partner) and §; and §, are parameters
to be estimated.

In the presence of one or more explanatory variables, as is the case in our
illustrative example where we control for four background variables (birth cohort,
region, residence, and ethnicity), the above model may be extended as follows, see
van der Slik et al. (2002) and Turner and Firth (2022):

Wijk = 51x1k+ﬁ2x2k+ﬂ3x3k+ﬁ4x4k+<exp—(81)> )/'+(exp—(82)) Vi
Y o exp (81) +exp (82) ) ' \exp (81) +exp(82) )

Thus, the problem reduces to estimating the parameters §; and &, (and from them
the weight o from the relation shown in the equation for » above) and the covariate
effects 8 if the model includes explanatory variables. This is achieved using the Dref
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option in the R-package for general nonlinear models, gnm, developed by Turner
and Firth (2022).

According to Turner and Firth (2022) the diagonal effects represent contrasts
with the off-diagonal cells and, hence, do not need to be constrained. Further, the
coefficients of the covariates are not aliased with the parameters of the diagonal
reference term implying it suffices with the usual constraints (using one of the levels
as baseline reference category). The only unidentified parameters in the DRM model
are the weight parameters, w;.

In the next section we fit the above model to our data set described in Sect. 2 and
compare the results with those obtained from a standard logistic regression model
for the decision to deliver a child at a health facility.

4 Application: Educational-Mobility Effects on Hospital
Delivery

4.1 Measures

Our response variable is the binary outcome on whether a woman delivers her first
child at health facilities (hospital or clinics) rather than at home. We have access to
women with multiple children but we concentrate on the first birth in this chapter.
The main rational behind this choice is to avoid correlation among children from the
same mother and, hence, underestimation of standard errors of covariates which, in
turn, would lead to spurious significance.

Our main explanatory variable is educational mobility which, in our case, refers
to women whose educational level is different from their partners’. In addition to
educational mobility, women’s own education (origin) and their partners’ education
(destination) are part of the model. We also controlled for 5 background variables—
birth cohort, region, residence (urban or rural), religion, and ethnicity. But, in
our results section below we will report only those of primary interest (origin,
destination, and mobility).

4.2 Results
4.2.1 Results from Conventional Logistic Regression

The presentation of our results in this section follows that of van der Waal et al.
(2017). Since we have a 3 by 3 contingency table, we have 9 educational groups
(pairs of own-partner education). In the conventional logistic regression, one of
these groups (couples without education) is used as a baseline level. This produces
8 dummy variables whose estimated parameters are shown in the upper panel of
Table 4 together with their corresponding standard errors, odds ratios, and 95%
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Table 4 Estimated mobility effects from conventional logistic regression and two DR models

Model Estimate | Stand. error | OR Lower 95% | Upper 95%
Conventional logistic regression

No Educ married to men | 0.359 0.129 1.43 1.11 1.84

with Prim. Educ

No Educ married to men | 1.159 0.231 3.19 2.03 5.01

with Sec. Educ

Prim. Educ married to |0.856 0.171 2.35 1.68 3.29

men with No Educ

Prim. Educ married to |0.976 0.133 2.65 2.05 3.44

men with Prim. Educ

Prim. educ married to |1.454 0.157 4.28 3.14 5.82

men with Sec. Educ

Sec. Educ married to | 1911 0.394 6.76 3.12 14.64

men with No Educ

Sec. Educ married to | 1.965 0.278 7.14 4.14 12.30

men with Prim. Educ

Sec. Educ married to |2.761 0.205 1582 |10.59 23.64

men with Sec. Educ
DRM (ref: Downward mobile)

“Immobile” couples | —0.595 0.286 0.55 0.31 0.97
with no education

“Immobile” couples | —0.095 0.278 0.91 0.53 1.57
with primary education

“Immobile” couples | —0.089 0.322 0.91 0.49 1.72
with secon+ education

Upward (own educ |—0.454 0.247 0.64 0.39 1.03

lower than partner’s)
DRM (ref: Upward mobile)

“Immobile” couples | —0.141 0.241 0.87 0.54 1.39
with no education

“Immobile” couples | 0.359 0.268 1.43 0.85 242
with primary education

“Immobile” couples | 0.365 0.360 1.44 0.71 2.92
with secon+ education

Downward (own educ |0.454 0.247 1.57 0.97 2.55

higher than partner’s)

confidence intervals. We see that all 8 educational combinations have higher odds
of delivering a child in hospital compared to the baseline group of couples with no
education. The confidence intervals for the odds ratios show that the differences are
significant at 5% significance level (in fact the p-values are all less than 0.01 except
for the first group whose p-value is between 0.01 and 0.05).

The odds ratios in the upper panel of Table 4 are reproduced in the 3 by 3 array
on the left panel of Table 5. From these we produced profiles of odds ratios across
woman’s education (middle panel in Table 5) and partner’s education (right panel
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Table 5 OR (left) and OR-profiles across own (mid) and partner’s educ (right)

Educ | Partner’s Educ | Partner’s Educ | Partner’s

Own | No Prim. | Sec. Own | No Prim. |Sec. |Own |No |Prim. | Sec.
No 1 143 3.19 |No 1 1 1 No 1 143 |3.19
Prim. |2.35 |2.65 |4.28 Prim. |2.35 |1.85 1.34 | Prim. |1 1.13 1.82

Sec. 6.76 |7.14 15.82 | Sec. 6.76 |4.99 |4.96 | Sec. 1 1.06 234

in Table 5). From Table 5 (left panel), we note that the odds of hospital delivery
are about 16 times among couples with secondary or higher education compared to
couples with no education. This combination of highest education is also confirmed
in the last row of the middle panel where women with secondary or higher education
have the highest odds of hospital delivery. The last column of the right panel where
women whose partners have secondary or higher education have the highest odds
also lends support to the confirmation.

A result worth noting Table 5 is that among women with the highest education
(middle panel) it is those women whose partners have no education who have the
highest odds (though the differences are not large ranging between 4.96 to 6.76).
Similarly, we note that among women whose partners have the highest education
(right panel), it is those with no education who have the highest odds (3.19 compared
to 1.82 and 2.34).

Another interesting result in Table 5 is that women’s own education seems to
have stronger effect on the decision to deliver at hospital compared to their partners’
education. We will assess this formally in the results for DRM.

4.2.2 Results from Diagonal Reference Models (DRM)

Results from two variants of the diagonal reference model are shown in the middle
and lower panels of Table 4. In the middle panel (where downward mobile women
are treated as baseline) we note that the mean effects of the diagonal elements are
estimated as p;; = —0.595, uyp = —0.095, and p33 = —0.089, while the estimate
associated with upward mobility is —0.454.

The results in the lower panel of Table 4 come from a DRM where upward mobile
women are treated as baseline. The results are now in the opposite directions except
for p1;. In fact, the estimate associated with downward mobility (0.454) is just the
negative of that for upward mobility in the middle panel.

But, the most striking result in the two DRM models is that only couples with no
education have significantly lower odds of hospital delivery than the baseline couple
(where women’s education is higher than their partners’). None of the other effects
is significant as indicated by their corresponding 95% confidence intervals for the
odds ratios.

The weights associated with the origin (woman’s own education) and destination
(her partner’s education) are displayed in Table 6 for our response variable (hospital



Effects of Couples’ Educational Differences on Women’s Health-Care Utilization 17

Table 6 Estimated origin and destination weights in Diagonal Reference Models for three health
related outcomes

Response variable Origin (Woman’s educ) Destination (Partner’s educ)
Delivery at health facilities 0.54 0.46
Intended number of children 0.30 0.70
Ideal number of children 0.58 0.42

delivery) and two other health related outcomes in the same survey (intended
number of children and ideal number children, dichotomized into small and large).

The weights, w, reflect the extent mobile women are influenced by origin
effects (their own educational level) relative to destination effects (their partners’
educational level). Thus, the results for hospital delivery show that woman’s
education is more important (w = 0.54) than her partner’s education (1 — w = 0.46)
though the difference is not large. This can be compared with the estimate of
the weight for another outcome variable (intended number of children). For this
outcome, partner’s education (1 — w = 0.70) weighs more than twice her own
education (w = 0.30).

Thus, our results from the DRM indicate that for women whose education is
different from their partners’, the decision to deliver at health facilities is influenced
almost equally by their own and their partners education. Further, after accounting
for women’s own and their partners’ education, there is no effect of educational
differences between couples on the decision to deliver at health facilities.

5 Summary and Concluding Remarks

In this chapter, we explored the relationship between educational mobility and the
propensity to deliver at health facilities in Eritrea based on data from its 2002
Demographic and Health Survey.

Previous studies have considered woman’s educational level alone or together
with partner’s education but ignored effect of educational differences. Thus, the
scientific question we intended to address was if differences in educational levels
between couples affect woman’s decision to utilize health care (specifically deliver
a child at health institution).

We used the diagonal reference model which has been recommended in the
literature because, it is argued, can accurately capture the effect of mobility and
isolate it from those of origin and destination. Propensity to deliver a child at health
centers was modelled as a function of women’s own and their partners’ education
as well as educational differences between the couples. We also controlled for some
background variables (birth cohort, region, residence, religion, and ethnicity).

Results from conventional logistic regression models showed that there is
strong association between educational differences among couples and women’s
propensity to deliver at hospital. However, these strong associations disappeared
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when the data was analyzed using Diagonal reference Models (DRM). These results
are consistent with findings on the application of DRM in various fields (that
mobility has no effect on a range of important outcomes).

Recent works by Fosse and Pfeffer (2019) caution researchers who use DRM that
the resulting estimated mobility effects can, in part, be an artifact of the model. We,
therefore, suggest that future studies focus on a closer look at the DRM model and
its properties before recommending its universal use.
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Appendix: R-Codes Used for Computing the Results in Some
of the Tables in This Chapter

Installing necessary packages, reading the source file in excel
format, and defining the origin and destination.

install.packages ("x1lsx")

library (readxl)

install.packages ("gnm")

require (gnm)

Eri2002 <- readexcel ("C:/DRM-Revised-Educ-Occup-Hosp-Children-Ideal.
x1lsx")

View (Eri2002)

Origin<-factor (Eri2002$WomEdu)

Destination<-factor (Eri20023SHusbEdu)

The source file has 6366 rows (children) from 4255 mothers and 24
columns (woman~s education, husband”s education, categorical
mobility indicators, and many other background variables). But, not
all columns are used in the analyses.

Fitting conventional logistic regression models on the binary
outcome (hospital delivery) using some background factors as
covariates.

HospConvl <- gnm(Delivery ~ -1 + factor (Cohort) + factor(Region) +
factor (Resid) + factor(Religion) + factor (Ethn) + factor (EduMob),
family = binomial, data = Eri2002)

summary (HospConv1l)

HospConv2 <- gnm(Delivery ~ -1 + factor (Cohort) + factor(Region) +
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factor (Resid) + factor(Religion) + factor (Ethn) + factor (ImmobPrim) +
factor (ImmobSecon) + factor (Upwards) + factor (Downwards), family =
binomial, data = Eri2002) summary (HospConv2)

Fitting Diagonal Reference Model for Hospital Delivery with
downwards mobile women as baseline (reference) in mobility.

HospUp <- gnm(Delivery ~ -1 + factor(Cohort) + factor(Region) +
factor (Resid) + factor (Religion) + factor (Ethn) + factor (Immobile) +
factor (Upwards) + Dref (Origin,Destination), family = binomial, data =
Eri2002)

summary (HospUp)

DrefWeights (HospUp)

Fitting Diagonal Reference Model for Hospital Delivery with upwards
mobile women as baseline (reference) in mobility.

HospDown <- gnm(Delivery ~ -1 + factor(Cohort) + factor (Region)
+ factor(Resid) + factor(Religion) + factor (Ethn) + factor (Immobile) +
factor (Downwards) + Dref (Origin, Destination), family = binomial, data
= Eri2002)

summary (HospDown)

DrefWeights (HospDown)
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Abstract A sequential probit model is applied to analyze differentials in the effects
of women’s educational level on parity progression ratios in Ethiopia. Since parity
progression requires successful completion of the prior parity for progression into
the next higher parity, we argue that a sequential decision model captures the
decision process more accurately. Further, since reasons to have a first child may
differ from those to have, say, a second or third child, we allow the effects of
covariates on the progression propensities to vary between parities in the same
model. Data used for illustration come from the Ethiopian Mini Demographic and
Health Survey of 2019 in which 8885 women from 11 regions were interviewed.
Results show that the sequential model provides more insight than conventional
models when exploring the association between education and parity progression in
particular and fertility decision process in general. We also found both similarities
and differences in the effects of education on parity progression among the regions.
We included a household random-effect term to account for women’s clustering
within households. The random effect was significant in a model for the entire
country but disappeared when region was included as a covariate in the model.
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region - Somali region - Benishangul Gumuz region - Southern nations -
Nationalities and peoples region - Gambela region - Harari region - Addis Abeba
city administration - Dire Dawa city administration

1 Introduction

Over the past four decades, the Demographic and Health Survey (DHS) program
has played a vital role in conducting nationally representative household surveys in
developing countries. Among the information gathered by DHS is the information
on current and total fertility such as age at first marriage and first birth, birth intervals
by background variables, children ever born, and fertility preferences as indicated
by an ideal number of children. Apart from their strong association to maternal and
child health (for instance, shorter birth intervals increase childhood mortality; age
at childbirth can affect maternal health and birth outcome), the above indicators
are important for monitoring population growth and developing family planning
programs. A notable example is the 1970s Chinese policy for limiting fertility. The
policy was based on the slogan “wan, xi, shao” (“later, longer, fewer”’) and strongly
promoted later marriage, longer birth intervals, and fewer children in total.

The rich data in Demographic and Health Surveys (DHS) enable investigators
to make in-depth analyses that guide policy intervention. Such analyses, in turn,
require advanced statistical techniques in order to get maximum use of the available
data.

The effect of timing of age at first marriage and first birth on fertility has been
documented in, among others, Marini (1981). Recently, Arroyo et al. (2017) and
Eickmeyer et al. (2017) studied changes in median ages at first marriage and first
birth over the period 1980-2017. Gurmu and Etana (2014) analyze the roles of social
and demographic factors on age at first marriage in Ethiopia.

A birth-interval approach to the study of fertility was studied in, for instance,
Ghilagaber et al. (2005) where models were proposed for the quantum of fertility
(the proportion of women who move to the next higher parity) and the tempo of
fertility (the time it takes to make the progression for those women who continue
reproduction). Accelerated failure-time models for the tempo of fertility and
dynamic survival models for the quantum of fertility are also presented elsewhere in
this book and illustrated with data on age at first marriage in a Bayesian framework
in Liang and Ghilagaber (2022); Munezero and Ghilagaber (2022) and with data on
age at first birth in Ghilagaber et al. (2022).

The above sample of studies address the “later” and “longer” components of
fertility-related policy (in the context of the Chinese slogan). In the present chapter,
we propose and apply a method for assessing the last component (“fewer”) of the
slogan. The information we extract is the total number of children reported by
women interviewed in the Demographic and Health Surveys (DHS). But, rather than
applying methods for count data on the number of children, we propose sequential
procedure for the conditional propensity to progress to the next higher parity for



Sequential Probit Modeling of Parity Progression Ratios in Ethiopia 23

women who have completed a given parity. Our approach is closer to the quantum
approach to fertility because our interest is in the proportion of women who move
to the next higher parity.

We illustrate our approach using data on parity progression among women in
Ethiopia based on data from the 2019 Mini DHS in the country, see Ethiopian-
Public-Health-Institute and ICF (2019). The information on which our response
variable is based is the total number of children borne by the respondent by the
survey time. This is sequentially ordered with values between 0 and 15.

It may be tempting to analyze such data by dichotomizing the number of
children into two groups (small and large) with some threshold for what is a large
number of children and applying conventional logistic regression models. We argue,
in accordance with Amemiya (1978), Maddala (1986), Mare (1980), Nagakura
(2004), and Waelbroeck (2005), that such procedure is subjective, and different
conclusions can be reached for different choices of thresholds. Instead, we propose
sequential probit modeling that is appropriate for outcome variables that are ordered
sequentially, which is the case in our data set. For more applications of sequential
models in different areas, see, for instance, Alpu and Fidan (2004); Amemiya
(1985); Brien and Lillard (1994); Davidson and MacKinnon (2004); Liao (1994);
Munkin (2011); Steele and Durrant (2011). Ghilagaber and Peristera (2014) use
multilevel sequential probit to model neighborhood effects on educational progress
among children to Polish and Turkish immigrants in Sweden.

‘We present the probit and sequential probit models in the next section. In Sect. 3,
we present our data set, apply the models on the data set, and present the results. We
summarize our findings together with some concluding remarks in Sect. 4.

2 Probit and Sequential Probit Models

2.1 Probit Model

Following Albert (2009), let us present a woman’s decision to progress to the next
higher parity by a binary indicator variable Y; where ¥; = 1 if the woman decides
to progress to the next higher parity and ¥; = 0 if she does not.

Suppose there exists a continuous measurement Z; of decision such that Z; is
positive if woman i decides to progress to the next higher parity and Z; is negative
if woman i does not make the progress. Moreover, the decision measurement is
related to the k covariates x;1...xj; (such as k dummy variables indicating different
levels of education) by the normal regression model:

Zi = xj1B1 + ... + xix Bk + €,

where ¢;, ..., €, is a vector of error terms from the standard normal distribution.
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The probit regression model (which is analogous to the logistic regression model)
expresses the probability p; = P (¥; = 1) as

pi=PXi=1)=P(Z; >0 =18+ ... +xikBr),

where (81, ..., Bx) is a vector of unknown parameters and @ is the cumulative
distribution function of a standard normal distribution.

2.2 Sequential Probit Model

Suppose one observes N independent women and W; is the outcome variable with
J possible ordered values {j =1, ..., J}. Let x; = (x;1, ... xjx) denote a set of k
covariates associated with response W;.

In the sequential model, the variable W; can take the value j only after the levels
1,...,j — 1 are reached. So, in order to get the outcome j, one must first have
experienced levels 1,2, ..., j — 1. The conditional probability of reaching level
j (1 <j<J-—1)isgiven by

Pr(Wi = jIWi = j.7.8) = @ (y; —x9). (M

where @ (.) is the cumulative distribution function of the standard normal distri-
bution, § is the regression parameter vector, ¥ = (y1,...,Ys—1) are threshold
parameters, and x;8 represents the effect of covariates. The unconditional proba-
bilities are defined as follows:

* The probability of reaching level j is given by
j—1
Prwi = jly.8)=F (v —x8) [T{1-@(n-x0)}. i=v-1. @
r=1

» The probability of reaching the highest level J is given by

J-1

Pr(W,-=J|y,5)=]_[{1—<1>(yr—x,fa)]. 3)

r=1

The sequential model is often formulated in terms of latent variables. Let us
define {u i j} the latent variables corresponding to the i-th observation,

{uij} = x;8 + eij. (4)

where ¢;; are independently distributed from ®. The observed data are then obtained
as
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1 if upn <y
2 if uit > yi,uip < y2

Wi=1. ) : )
Jif uit > vy1, .. uijo1 > Vi1, uij <Y

In the above model, the latent variable u;; represents a woman’s propensity to
progress to parity j + 1, given that she already has j children. This implies that
sequential models can be estimated by conditioning on the appropriate sub-samples
in the data.

2.3 Parameter Estimation in the Sequential Probit Model

In classical framework, the parameters in the sequential probit model can be
estimated using the maximum likelihood approach by maximizing the likelihood
function,

i—1

Lo = I [@(y}v,—x,’ré)yn

BoGewl]
¢ 11 [Jﬁl{lw(w—xﬁfs)}]-

ityi=J | r=1

Fahrmeir and Tutz (2001) have shown that sequential ordered models are special
cases of multivariate generalized linear models and that maximum likelihood
estimates can be obtained using an iterative re-weighted least-squares algorithm.

For more details on estimation in sequential ordered models, we refer the reader
to chapter 3 of Fahrmeir and Tutz (2001), where several sequential models with
different choices of distribution functions (the function F in Eq. 2 above) are
presented. We also refer to chapter 5 of Lillard and Panis (2003) on which the
program we use for computation in this chapter (aML) is based. Markov chain
Monte Carlo (MCMC) algorithms have also been developed for fitting such models.
See, for instance, Albert and Chib (2001) and Waelbroeck (2005).

3 Application to Parity Progression Among Ethiopian
Women

3.1 Data Set and Measures

The data set for our illustration comes from the Ethiopia Mini Demographic and
Health Survey of 2019, see Ethiopian-Public-Health-Institute and ICF (2019).
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Our response variable is the propensity of progression to next higher parity
among women who have completed the current parity. Thus, all women are
considered in modeling progression from parity 0 (no child) to parenthood (parity
1). Those women who have become parents (have at least one child) are then
considered in the next progression (from parity 1 to parity 2), while those who are
still with no child are no longer considered in further analyses. Similarly, women
with only one child are not considered in modeling progression from parity 2 to
parity 3, and so on.

The program we use for computation is aML (Applied Multilevel) developed
by Lillard and Panis (2003). It enables to estimate the parameters for multiple
progressions from one model, and thus, one does not need to fit separate models
for each progression.

Our major explanatory variable is mother’s educational level (highest educational
level attained by the survey time). Educational gradient of parity progression
(including childlessness) is well documented in the literature. See, for instance,
Wood et al. (2014) for study on 14 low-fertility countries. We also include
region as explanatory variable while analyzing data for the entire country. Else,
education alone was used as explanatory variable while analyzing data for each
region separately. The goal of the illustration is to demonstrate the methodological
contribution described in the chapter, and hence, we are less interested in the
substantive demographic question on potential correlates of parity progression.

A distribution of a total number of children ever borne by the survey time, cross
classified by educational level and region, is presented in Table 1. From the last
column in the bottom panel of table, we see that overall 3039 of the 8885 women
(34%) were childless by the survey time, 1146 women (13%) had one child, 1047
(12%) had two children, etc. We also note regional differences in that panel. While
444 of the 818 women (54%) from the capital city, Addis Ababa, and 343 of 812
women (42%) from the other city administration, Dire Dawa, were childless by the
survey time, the corresponding figures for the Afar and Somali regions were 141 of
641 (22%) and 194 of 723 (27%), respectively.

The column totals at the bottom of Table 1 show that 733 of the 8885 women
(8.25%) were from the Tigray region, 641 (7.21%) were from the Afar region, 948
(10.67%) were from the Amhara region, 818 (9.21%) were from the capital city,
Addis Ababa, etc.

Further, adding the values in the last columns of each panel (educational level)
shows that 3640 of the 8885 women (40.97%) had no education, 3345 (37.65%) had
primary-level education, 1149 (12.93%) had secondary-level education, while the
rest 751 (8.45%) had higher (above secondary) education. The last row of Table 1
shows the number of households in which the corresponding women were clustered
in.

Educational differences in the number of children ever born are shown in Fig. 1
for each region as well as for the entire country (last plot in Fig. 1), while Fig. 2
shows regional differences in the number of children for each of the four educational
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Fig. 1 Children ever born by mother’s education and across regions: Ethiopia Mini-DHS 2019

levels. Figures 1 and 2 clearly show that women with no education are over-
represented among those with a higher number of children, while women with
higher education (above secondary) are over-represented among those with few
children (including childless). We also note that the educational differentials in the
number of children are not uniform across the regions.

3.2 Sequential Probit Model for Propensities of Parity
Progression

Following Ghilagaber and Peristera (2014), leta;,i =0, ..., J denote the possible
number of children, and let, as before, the binary indicator of decision/progress
be denoted by W;. If w; = 0, outcome ag is observed. Otherwise depending on
the value of w;, there are two different outcomes: oy = {w; = 1, wp = 0} and
ar = {w; =1, wy = 1}. Subsequent outcomes can be obtained in a similar way
until the outcome « ;. Therefore, the process of parity progression can be viewed
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Fig. 2 Children ever born by region and across mother’s education: Ethiopia Mini-DHS 2019

as a series of binary choices. See Ghilagaber and Peristera (2014) for a graphical
description of the process.

Parity progression process requires successful completion of the prior parity
for progress to the next higher parity. Therefore, as argued by Brien and Lillard
(1994) and Upchurch et al. (2002), a sequential probit model that assumes parity
progression occurs for the J options in a sequential manner accurately reflects the
real progression process.

The proposed model specifies an index I for the probability of progressing to
successively higher parity s, conditional on having completed the previous lower
parity. Thus, there are up to J sequential choices of whether to continue to the next
parity (s =1,...,J), each conditional on having completed the previous lower
parity. Consequently, if we denote total sample size by N, then N = Y n;, i =
1, ..., J where n; are the sub-samples of women available at decision level i.

Woman j progresses from parity s to parity s + 1 if her propensity to continue
is positive, Iy > 0. The probability of progression is determined by the probit index
function

Iy =aos 4o, Xs +& +1 fors=1,2,....,J, (7
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where X is a vector of exogenous covariates affecting parity progression decisions,
aps and o are decision-specific intercepts and coefficients, respectively, €% is an
individual-specific residual term (heterogeneity) affecting all levels of decision, and
ty 1s the decision-specific stochastic element (normalized to o;3 = 1, for all s). &°
and #; are assumed to be normally distributed:

e " N(0,02) and t; ~ iidN(0, 1). (8)

The residual terms are assumed independent of each other and all exogenous
covariates X;. The model allows parameters to vary across decisions (hence the
subscript s on the parameter vector «). In other words, the parameters o1 can be
estimated by dividing the entire sample into smaller sub-samples. The model also
allows for correlation between the individual component ¢* and any endogenous
explanatory variables.

The probability of any given level of completed parity, s, conditional on the
sequence of covariates X is given by

s—1
Jos Fu (& 103) @ | —di X, + ¢ 11_11

Pls[E@)] = s=0,1,...,J -1 ,

a1 X + &% | de’,

s—1
Jos fu (851 0%) T | 01Xy +&° | de*, s =T
I=1 =

)
where J is the highest number of children, E (s) denotes the full set of covariates at
each of the decision points, X; is the stacked vector of all covariates at each decision

I, and f;, (.) is the normal density function.

3.3 Results

Relative propensities of parity progression among all women (for the entire country)
are shown in Table 2. The left panel presents results from two probit models where
the covariates education and region were entered separately, while the right panel
presents results from one multivariate model where both covariates were entered
into the model.

The first columns in each panel show results from a model where the effects
of the covariates are assumed to be constant across the various parities, while the
results in the next five columns of each panel are from models where we let the
effects of the covariates to vary across the parities.

The upper part in both panels shows higher propensity of parity progression
among women with no education or elementary level education relative to women
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with higher education (which is the baseline level). Women with secondary-level
education do not differ significantly from those with higher education in most of the
columns, but we note that they have significantly higher propensities of progression
from parities 2 to 3 and from 3 to 4 in both panels.

In the model with only education and where the effects of education are assumed
to be constant over the parities, we found a significant household random effect (p-
value = 0.000) that is not reported in the table. However, this effect disappeared
once region was included in the model. This should not be surprising because
the households belong to the regions, and hence, any household random-effect
term is captured by the covariate region. It is also in accordance with Ghilagaber
et al. (2022) where household random effects were insignificant in most models
for transition to parenthood among Ethiopian women based on data from the 2016
Ethiopian Demographic and Health Survey.

The lower panel of Table 2 shows relative propensities of parity progression
by region. The first region (Tigray) was used as a baseline, and we see from the
first column that women from the Afar region have significantly higher propensity
of parity progression than those in the Tigray region, while women from the
Harari region and the two city administrations Addis Ababa and Dire Dawa
have significantly lower propensity. Women in the other six regions do not differ
significantly from those in Tigray. The corresponding column in the right panel
(where education and region are entered in the model) shows that only the Somali
region and the capital, Addis Ababa, differ significantly from the Tigray region and
that women from these two areas have lower propensity than women from Tigray.

Thus, we already see that we reach at different conclusions with regard to the
effect of region on parity progression depending on whether it is included in the
model alone or together with education. The same is true when we allow the effects
of covariates to vary over the parities. For instance, women from the Harari region
have a significant 16% lower propensity in the model where effects are assumed to
be constant, while there is no any significant difference in the five models where
we allow the effects to vary over parities. The only region that consistently shows
significant lower propensities of parity progression in all models is the capital city,
Addis Ababa.

These results have, therefore, prompted us to fit a sequential probit model
separately for women in each of the 11 regions with only education as a covariate
and allowing its effects to vary over the first three progressions. Results from 11
such models are shown in Table 3.

Table 3 shows that women with no education have significantly higher propensi-
ties of parity progression compared to those with higher education. For progression
from parity O to parity 1, this significant difference is true for all regions except the
Afar region. Educational differences in the Afar region are insignificant except for
progression from parity 1 to parity 2 where women with no education have higher
propensities than those with higher education.

In some regions, even women with primary education have significantly higher
propensities than the baseline group of women. But, such significant differences
vary across the regions and the parities. In some regions (Tigray, Gambela, and
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Addis Ababa), we see results that seem contrary to expectations. In Tigray, we
see that women with secondary-level education have significantly lower propensity
of progression from party 2 to parity 3 than women with higher education. In
Gambela, women with primary-level education have significantly lower propensity
of progression to parenthood (from parity O to parity 1) than those with higher
education. In the capital, Addis Ababa, women with primary-level education have
significantly lower propensity of progression from parity 1 to parity 2 than those
with higher education.

4 Summary and Concluding Remarks

This chapter presented a sequential probit model for parity progression ratios and
applied it to data on Ethiopian women surveyed in the 2019 Mini Demographic and
Health Survey in the country 2019.

The proposed sequential probit model specifies the propensity of progressing to
a successively higher number of children conditional on having attained the current
number of children. The model is based on the tacit assumption that a mother’s
decision at given birth consists of some sequential and independent choices. We
argue that the proposed approach captures the decision process on family size
more accurately since it conditions the propensity to progress to a given parity on
successful completion of the previous lower parity and allows covariate effects to
vary across parities.

Our contribution was mainly methodological—to suggest a more appropriate
method to analyze the data at hand. However, we also addressed a substantive
research question—the effect of woman’s educational level on parity progression
and how this effect varies across progressions and between the 11 regions in the
country.

Our empirical results reveal differentials in parity progression by educational
levels and across the regions. But, the strength (significance) and, in some cases,
even the direction of educational gradients on parity progression were not uniform
across parities and between the regions.

Overall, mothers with higher education have lower propensity of parity progres-
sion (specially at higher birth orders). Women from the capital city, Addis Ababa,
have much lower propensities to get more children, while women from the Afar and
Benishangul-Gumuz regions have much higher propensities of parity progression.

The sequential model proposed in this chapter provides more insight in fertility
decision process than conventional probit or logistic regression, and we recommend
its use in situations where the response variable is sequentially ordered.

The 8885 women analyzed in this chapter have contributed a total of 23007
children by the survey date (March—June 2019)—an average of 2.59 children per
woman. Among these, 22446 (97.6%) were single births, 277 (1.2%) were 1st of
multiple births, 277 (1.2%) were 2nd of multiple births, and only 7 (0.03%) were
3rd of multiple births. Since the total of 561 multiple births was only 2.44% of
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the total of 23007 births, we have not accounted for twins or multiple births in our
analyses. Instead, each birth was treated as unique.

The model we have used in this chapter assumes the error terms in the model are
a random sample from a standard normal distribution. It is not guaranteed that this
assumption is valid for our data, but diagnostics on this assumption is beyond the
scope of this chapter as the aim was to describe and illustrate a modeling approach
that we argue is appropriate to the type of data we analyze.

Thus, addressing multiple births (especially when they are an appreciable portion
of the total births) and sensitivity of estimates to the choice of distribution of the
error terms can be possible topics for future research in the area.

Acknowledgments The data analyzed in this chapter was generously provided by the DHS
program (https://www.dhsprogram.com). The views expressed in the chapter are solely of the
authors and do not express the views or opinions of the data source or its employees.

Appendix: aML Code Used for Computing the Results in the
Upper-Left Panel of Table 2 in This Chapter (Except Those in
the First Column)

b g g g g g
Reading the source file in txt format and obtaining its dat
version used as input by aML.

ascii data file = Eth2019.txt;

output data file = Eth2019.dat (replace = yes);
level 1 var = Region;

level 2 var = Resid Cohort Educ Children;

HARHHRRR AR RHHHAAAAAAARRRR BB H A A AR AR BB R R H A A A AR AARRR AR RS

HERBHABRHH AR R H AR R AARRHH AR BB H AR B A AR R AAHR A AR B H A AR A ARG AR RS
## Fitting a sequential probit model for parity progression with
only Education as a covariate and a household random-effect term.
Note that the effects of education are allowed to vary across five
parity progressions: progression from 0 child to to 1 child (where
all women are included), progression from 1 child to 2 children
(where women with no child are excluded), progression from 2
children to 3 children (where women with no child and those with
only one child are excluded), etc.

aML enables to estimate these set parameters in one run (from the
same model) without having to fit separate models for each
progression.

More details on the program and examples can be obtained in its
website:http://applied-ml.com/
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dsn

Eth2019.dat;

option maximum scratch data space
option maximum number of residual draws

define regset BetaXl;
var = 1 (Educ==0)

define regset BetaX2;
var = 1 (Educ==0)

define regset BetaX3;
var = 1 (Educ==0)

define regset BetaX4;
var = 1 (Educ==0)

define regset BetaX5;
var = 1 (Educ==0)

define normal distribution;

(Educ==1)

(Educ==1)

(Educ==1)

(Educ==1)

(Educ==1)

9000;

number of integration points=6; name=eta;

/* Model for 0->1%/
probit model; keep if
model regset BetaXl

/* Model for 1->2%/
probit model; keep if
model regset BetaX2

/* Model for 2->3%/
probit model; keep if
model regset BetaX3

/* Model for 3->4%/
probit model; keep if
model regset BetaX4

= 900
(Educ==2) ;
(Educ==2) ;
(Educ==2) ;
(Educ==2) ;
(Educ==2) ;
dim=1;
Children>=0; outcome =
+ intres(draw=_id, ref
Children>=1; outcome =
+ intres(draw=_id, ref
Children>=2; outcome =
+ intres(draw=_id, ref
Children>=3; outcome =
+ intres(draw=_id, ref

/* Model for 4->5 or higher=/

probit model; keep if
model regset BetaX5b

starting values;

Children>=4; outcome
+ intres(draw=_id, ref

Consl T -.97076734849
NoEducl T 1.2866873162
Priml T .19509099954
Seconl T 0.0291782222
Cons2 T -0.6871056844
NoEduc2 T 1.1932315868
Prim2 T 0.3400778214
Secon2 T .04238392715

7

(Childrens>=1) ;
eta) ;

(Childrens>=2) ;
eta) ;

(Children>=3) ;
eta) ;

(Children>=4) ;
eta) ;

(Children>=5) ;
eta) ;
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Cons3 T -1.1742768039
NoEduc3 T 1.4402496565
Prim3 T .68904298508
Secon3 T .31155824768
Cons4 T -1.4092236094
NoEduc4 T 1.4662051764
Prim4 T .94711322171
Secon4 T .64751990757
Cons5 T -1.2394722963
NoEduc5 T 1.1154687783
Prim5 T .73525501381
Seconb T 0.12890475
Sdeta T 0.7
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Abstract As regards study designs, randomised controlled trials are judged as the
gold standard for quantitatively evaluating treatment effect sizes with less bias than
observational trials. In some cases, the RCTs can be considered unethical, not fea-
sible and impractical to conduct. In such cases, when RCTs are not appropriate for
evaluating interventions, observational studies, which generate valuable health data
and are readily available, have been used. A major disadvantage of observational
studies is that they cannot be used for investigating cause—effect relationships due
to confounding factors. Propensity score approaches are one of the strategies that
have been developed to control for confounder bias in observational studies and
allow for the estimation of causal association. This chapter provides a description
and theoretical fundamentals of two propensity-score-based approaches, namely
the propensity score matching and propensity score weighting for facilitating the
assessment of causal exposure effects using observational data. The two methods
are illustrated with an evaluation of the effects of: (a) exclusive breastfeeding or (b)
appropriate complementary feeding on nutritional outcomes of infants or children
using survey data from Malawi and Zambia.

H. S. Twabi (<)
Department of Mathematical Sciences, University of Malawi, Zomba, Malawi
e-mail: htwabi @unima.ac.mw

S. O. M. Manda

Department of Statistics, University of Pretoria, Pretoria, South Africa
e-mail: samuel.manda@up.ac.za

D. S. Small
Department of Statistics, University of Pennsylvania, Philadelphia, PA, USA

Department of Statistics and Data Science, The Wharton School, University of Pennsylvania,
Philadelphia, PA, USA
e-mail: dsmall@wharton.upenn.edu

© The Author(s), under exclusive license to Springer Nature Switzerland AG 2022 41
D.-G. (Din) Chen et al. (eds.), Modern Biostatistical Methods for Evidence-Based

Global Health Research, Emerging Topics in Statistics and Biostatistics,
https://doi.org/10.1007/978-3-031-11012-2_4


http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-11012-2_4&domain=pdf

 885 45222 a 885 45222 a
 
mailto:htwabi@unima.ac.mw

 885 49096 a 885 49096
a
 
mailto:samuel.manda@up.ac.za

 885 55738
a 885 55738 a
 
mailto:dsmall@wharton.upenn.edu

 -2016 61494 a -2016
61494 a
 
https://doi.org/10.1007/978-3-031-11012-2_4

42 H. S. Twabi et al.

Keywords Causal inference - Propensity score - Propensity score matching -
Inverse probability weighting - Observational studies - Treated group - Control
group - Exclusive breastfeeding - Complementary feeding - Sensitivity analysis -
Confounders - Selection bias - Confounder bias - McNemar’s test -
Mantel-Haenszel test - Conditional logistic regression - Paired data - Child
nutritional outcomes - Child malnutrition - Stunting - Wasting - Underweight -
Sub-Saharan Africa - Average treatment effect - Confounder balance -
Randomised control trials - Absolute standardised differences - Demographic and
Health surveys - Child growth - Ignorability assumption - Model
misspecification - Nutritional interventions - Anthropometric measures -
Maternal HIV - Child growth measurements - Positivity - Consistency -
Exchangeability

1 Introduction

An important objective of empirical comparison studies in health research is the
estimation of causal effects of a treatment, exposure, or intervention on health
outcomes. Ideally, randomised control trials (RCTs) are the gold standard design
to assess causal effects (Rubin, 1973). RCTs ensure a random allocation of
subjects into treated and control groups. In this case, treated subjects do not differ
systematically from control subjects in both measured and unmeasured baseline
characteristics. Therefore, this renders the possibility to directly estimate the effect
of a treatment by comparing the outcomes between the treated and control groups.
However, sometimes RCTs can be considered unethical and impractical to conduct.
The availability of observational studies, which are rich with valuable data, has
enabled health researchers to estimate the causal effect of an exposure on an
outcome. However, observational studies render an assessment of causal association
not possible.

Non-randomised studies of the effect of treatment on outcomes can be subject
to bias in which treated subjects differ systematically from control subjects (Rosen-
baum & Rubin, 1983). For example in health research, a patient may be given a
treatment, and a clinical researcher would observe the outcome, but the treatment
allocation in this situation is not random. On the other hand, in health survey data,
there is a lack of randomisation and treatment assignment, and both the exposure
and the outcome are observed. Therefore, the estimation of causal effects in the
former scenario may be subjected to selection bias, while for the latter example,
the effects may be affected by confounder bias. Estimation of the treatment effect
cannot be done by simply comparing outcomes between treatment groups. The
causal effect of interest would be misleading due to the presence of confounders.
Such confounding can result in biased estimates because confounding essentially
means that some causes of the outcome also influence selection for the exposure
(Rosenbaum & Rubin, 1984; Abadie et al., 2004; Austin & Mamdani, 2006). Even
though treatment assignment is mentioned when discussing causal effects, however,
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the assessment of causal association is not limited to a health setting. Different areas
that require an assessment of causal effects such as intervention effectiveness or
exposure effects can be done. In this chapter, we use the term treatment and exposure
interchangeably.

Various strategies have been developed and used to address confounder bias in
non-randomised treatment comparison studies such as control for covariates in the
analysis through multivariate regression (Kurth et al., 2006). Ideally, the aim is
to identify all confounders that influence the exposure and outcome, and then the
differences found between the treatment and control groups after correctly adjusting
for the identified covariates will represent the causal effects. Other strategies involve
matching the treated and control subjects based on similar observed covariates
(Rubin, 1973; Abadie et al., 2004). For example, if x; denoted the set of observed
covariates age, gender, and eating habits (healthy or unhealthy), each treated subject
is paired with a control subject, having the same gender, same (or similar) age, and
eating habits. However, as the dimensionality of the covariates increases, matching
subjects with respect to a large number of covariates tends to be difficult. The
introduction of propensity score (PS) methods by Rosenbaum and Rubin (1983)
has enabled an easy direction in the control for confounding effects in observational
studies when comparing treatment effects.

The propensity score (PS) is the conditional probability of being treated given
observed covariates (Rosenbaum & Rubin, 1983). This implies that conditional
on the measured baseline covariates, allocation of subjects to treatment groups
is considered to be a random process that mimics RCTs (Austin, 2011a). This is
possible because using the PS, observations in the treated and control groups with
similar PS have nearly similar observed distributions of covariates (d’ Agostino,
1998) and are comparable. A comparison of the outcomes between the two groups
would represent the causal effect. The most widely used PS methods are the
propensity score matching (PSM) (Rosenbaum & Rubin, 1983, 1985) and inverse
probability weighting (IPW) (Robins et al., 1994) on the PS. Both the PSM and IPW
use the propensity scores to create a sample of control and treated subjects that have
similar characteristics. The propensity score matching (PSM) involves matching the
subjects based on the (estimated) propensity scores (Rosenbaum & Rubin, 1983).
Matching on the PS results in the analysis based upon only those subjects who
are successfully matched. The inverse probability of treatment involves assigning
a weight to a subject based on the propensity score. The re-weighted subjects
in the treated and control groups create a pseudo-population in which there is
no association between confounders and treatment. The advantage of the IPW is
that all observations are included in the weighted population unlike for the PS
matching where the treatment effect is estimated on the matched sample (Lunceford
& Davidian, 2004; Cole & Hernan, 2008; Austin, 2011a). One of the challenges on
weighting on the PS is that exposed subjects with a very low propensity score can
result in a very large weight. Similarly, a control subject with a propensity score
close to one can result in a very small weight.

The purpose of this chapter is to provide statistical descriptions and a theoretical
background of the propensity score matching and inverse probability weighting
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methods that are used to correct for confounder biases in observational studies,
allowing for causal-effect treatment comparisons. Their usage is demonstrated
in the evaluation of the effect of: (a) exclusive breastfeeding or (b) appropriate
complementary feeding on improving child growth. Child growth indicators are
taken to be binary as well as continuous.

1.1 Infant and Young Child Feeding Interventions and Child
Nutritional Qutcomes

There is growing evidence of the critical consequences of exclusive breastfeeding
(EBF) in the first six months of life on child health and nutritional outcomes (WHO
et al., 2009a; Kuchenbecker et al., 2015; Kumar & Singh, 2015; Ayisi & Wakoli,
2014; Kamenju et al., 2017; Perkins et al., 2018). Exclusive breastfeeding entails
feeding an infant only breast milk with an exception of drops or syrups consisting
of vitamins, mineral supplements, or medicine. Breast milk contains essential
nutrients for a child, such as vitamins and minerals, which have been found to be
protective against common childhood illnesses such as gastrointestinal infections
and pneumonia (WHO, 2003; WHO et al., 2009b). However, adequate nutrition can
be provided only to a certain age at which point a child needs additional solid foods
to supplement for the deficiency. The World Health Organisation recommends intro-
ducing complementary semi-solid, soft foods and solid foods, liquids, water along
with breast milk to children at the age of 6 months (WHO et al., 2009b). Appropriate
complementary feeding, which involves initiating complementary feeding (nutrient-
rich foods) at the appropriate time and feeding a child sufficiently, has been shown
to have an impact on child nutritional outcomes among children aged between 6
and 23 months (WHO et al., 2009b; Kassa et al., 2016). Poor feeding habits among
infants and young children are associated with increased risk of illnesses, frequency
of infections, and reduced nutrition absorption that result in poor growth (WHO,
2003; WHO et al., 2009b). Optimal infant and young child feeding is known to be
essential in ensuring good child growth and health (WHO et al., 2009b). Studies
that have provided evidence of the beneficial effect of exclusive breastfeeding and
appropriate complementary feeding on child nutritional outcomes have based their
conclusions from observational studies that are prone to confounder bias. Malawi
and Zambia are among the countries in SSA that have been adversely affected by
poor child growth, particularly stunting among under-five-year-old children (WHO
et al., 2017). There is a need to affirm the evidence of the beneficial effect of infant
and young child feeding interventions in improving child growth using advanced
statistical methods. In this chapter, we assessed three nutritional outcomes, namely:
stunting (height-for-age), wasting (weight-for-height), and underweight (weight-
for-age). The three nutritional outcomes are standardised to z-scores such that values
below —2 indicate adverse outcomes (WHO et al., 2006). In the case of height-for-
age z-score, a child with a score below —2 is classified as stunted, for weight-for-age
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z-score, a child with a score below —2 is classified as underweight, and for weight-
for-height z-score, a child with a score below —2 is classified as wasted.

2 PS Methods to Minimise Confounder Bias in Estimating
Exposure Effects

Let T be a binary treatment indicator denoted as T = {0, 1}, where T = 1 if treated
(e.g., exclusively breastfed), T = 0 if control (not exclusively breastfed), and X be
a vector of measured covariates that are thought to be associated with the treatment
(e.g., exclusive breastfeeding) and the outcome (e.g., child height-for-age z-score).
Each subject (i.e., a child) is assumed to have a vector of hypothetical outcomes
Yr = (Yo, Y1). The Yy and Y represent values of the height-for-age z-score that
would be observed to have a child been treated or have the child received a control.
These hypothetical outcomes are known as potential outcomes (or counterfactuals).
The counterfactual outcomes Yy, Y1 represent a hypothetical situation where at a
population level, all children are not exclusively breastfed and when all children
are exclusively breastfed. The actual observed outcome of a child when exposed is
denoted as

Y =YT + (1 - T)Y,. (1)

Equation 1 is also referred to as the consistency assumption, where ¥ = Y7
(Rosenbaum & Rubin, 1983; Austin & Mamdani, 2006). This assumption states
that the observed outcome is equal to the counterfactual under the actual treatment a
subject received. Due to the fundamental missing data problem in causal inference
(Holland, 1986), an average causal effect is estimated from the population rather
than individual causal effects. The difference in the mean potential outcomes is
denoted as

E[Y1 — Yol
E[Y1] — E[Yo]. 2

The estimation of Eq. 2 cannot be realised from observational studies as the
counterfactuals are both not observed from an individual. However, it is possible
to identify the causal association by estimating the mean counterfactual outcomes
from observed data O = (Y, T, X) under several assumptions known as the strongly
ignorability assumption.

Under randomised assignment of subjects into treatment groups, the counterfac-
tual outcomes and treatment assignment are independent Y7, Yo LI T'; hence, using
observed data, we can show that the expectation of the observed outcome given a
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particular treatment is equal to the expected counterfactual outcome at that treatment
level E[Y|T = 1] = E[Y{|T = 1] = E[Y;]. However, for observational data, the
presence of characteristics X that influence the causal relationship results in

E[Y|T = 1] = EMIT = 1] # E[1].

Identifying these covariates and controlling for them may ensure an identification
of the average causal effect from the observed data. Therefore, Rosenbaum and
Rubin (1983) improved the independence assumption to condition on observed
covariates written as

(Y1, Yo) U T|X, 3)

where T is the observed exposure and X is a vector of observed covariates.
Assumption 3 together with the positivity assumption 0 < p(T = 1|X) < 1, which
states that each subject within a population is equally likely to be treated, is known as
the strongly ignorability assumption (Rosenbaum & Rubin, 1983). The assumption
states that conditional on observed covariates, exposure is independent of the
potential outcomes and, hence, necessitates exchangeability between exposure
groups. Using this assumption, we can prove that the mean of the potential outcomes
can be estimated from observational data as follows:

E{EY|T =1,X)} = E{EMIT = 1,X)}
= E{E(11X)}
= E). C))
The first expression of the equation is due to iteration of expectation and consistency.

The second expression is due to the strongly ignorable assumption. The same can
be shown for E{E(Y|T = 0, X)}.

2.1 Propensity Score Definition

Rosenbaum and Rubin (1983) introduced an alternative to the traditional balancing
method between exposed and unexposed subjects on covariates called the propensity
score. The propensity score is defined as the probability that a subject is assigned to
a treatment group given observed covariates X.

n(x) = Pr(T = 1|X) 5)
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O0<m(x) <1.

The propensity score provides a single measure of influence of confounders on
exposure assignment. Equation 5 states that 7 and X are independent conditional
on the propensity score X LI T'|m (x). This allows those subjects from the treated and
control groups with the same propensity score to be balanced with respect to the
distribution of X. Rosenbaum and Rubin (1983) proved that the propensity score is a
balancing score, and conditioning on the PS, the potential outcomes are independent
of exposure for 7£(0, 1). To prove the balancing property of the propensity score
P(T = 1|7 (x), x) = 7 (x),

P(T =1l (x)) = E(T |7 (x))
= E[E(T|m(x), x)| (x)]
= E[E(T |x)|m (x)]
= E[Pr(T = 1|x)|r(x)]
= E[m (x)|m(x)]
= m(x). ©6)
Hence, we can further define assumption 3 as (Y1, Yo) LI T'|w(x) and show that

conditional on the propensity score, the mean potential outcomes may be identified
from the observed data.

E{EY|T = 1,n()l} = E{E|T = 1, 7(x0)]} = E{E(M1|7 (x))} = E(Y1).
The same applies for T = 0, resulting in E{E[Y|T = 1,7 (x)]} — E{E[Y|T =
0, 7)1} = E[Y1 — Yol
2.1.1 Propensity Score Estimation
The common approach used to estimate the propensity score is assuming a logistic
distribution for the PS and estimating the probability using a logistic regression

model. The estimated propensity score is the predicted probability of the exposure
from the fitted regression model (Austin, 2011a) written as

. - & _ Pr(T; = 1|x;) .
logit(m(x;)) = log (1 —n(xi)> - log(] — Pr(T; = 1|Xi)> =X

In multivariate form, this can be written as 7 (X, 8) = {1 —|—exp(—X/ B)}~! and B is
a (p x 1) matrix of coefficients. Interactions and higher-order terms can be included
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in the model. The parameter B is estimated by the maximum likelihood estimator
(MLE) B solving (Lunceford & Davidian, 2004);

n

; T — n(Xi, B) 9
T X B) = —{n(X;, B)} = 0. 7
lgl:lﬁﬂ( & ; 7(X;, B){1 —n(X;, B)} aﬁ{n( B} @)

Although estimation of the propensity scores is common using the logistic regres-
sion, studies have estimated the p-scores using probit models, boosted regression
methods (McCaffrey et al., 2004), tree-based methods (Lee et al., 2010), and neutral
networks (Setoguchi et al., 2008). Variables that are considered as important for
matching are included as covariates in the logistic model.

Under the strongly ignorability assumption, using the propensity scores, esti-
mation of an unbiased average treatment effects is possible (Rosenbaum & Rubin,
1983). Methods of propensity score matching, stratification, weighting, and covari-
ate adjustment have been developed to facilitate the causal inference estimation
using propensity scores (Austin, 2011a; Cole & Herndn, 2008; d’Agostino, 1998;
Rosenbaum & Rubin, 1984; Lunceford & Davidian, 2004).

2.1.2 Propensity Score Model Misspecification

The ideal situation when dealing with propensity scores is to have a known PS.
However, in reality, the PS is estimated from the observed data. Some studies
have used non-parametric methods to estimate the propensity score (Zhang, 2017).
However, the most common method used to estimate the propensity score for a
binary exposure is by using a parametric model, mostly, the logistic regression
as explained in the previous section. The estimation of the average treatment
effect is also mostly done using parametric models. Therefore, the PS model is
prone to misspecification, either being under-specified (ignoring interaction or high-
order terms) or when a relevant covariate is excluded. Drake (1993) found that
misspecification as a result of excluding relevant covariates resulted in an increase
in bias but could be resolved by including all necessary covariates. In addition, they
observed that misspecifying the PS model resulted in smaller bias as compared to
misspecifying the outcome model. Extensions on assessing misspecification of the
PS model though limited have been done for complex survey data (Lenis et al.,
2018).

2.2 Propensity Score Matching

Traditional matching involves pairing treated and control subjects based on one or
several measured covariates. However, matching on the covariates becomes difficult
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as the dimensionality of the covariates increases. The introduction of the propensity
score by Rosenbaum and Rubin (1983) made it possible to match treated and control
subjects based on the estimated propensity score resulting in two groups that are
comparable, and hence, the average treatment effect can be estimated from this
matched sample (Rosenbaum & Rubin, 1983) using methods for paired tests (paired
t-test, McNemar’s test, or conditional logistic regression) (Austin, 2009).

Various matching methods have been proposed in the literature to ensure optimal
matching, since using the estimated PS alone to match would be limited as the
probability of observing two units with exactly the same value of the propensity
score is zero (Becker & Ichino, 2002). These methods are the nearest neighbour
matching, Calliper matching, Kernel matching, and Mahalanobis metric matching.
The nearest neighbour matching is based on the greedy matching algorithm that
matched each subject i in the treated group with a subject j in the control group by
the smallest absolute distance between their propensity scores:

di =minj|7r(X,-) —T[(Xj)|.

Calliper matching pairs each subject i in the treated group with subject j in the
control group within a pre-specified calliper region b:

di = minj{ln(X;) — 7(X;)}| < b.

This helps in reducing the risk of poor matches when the distance of the propensity
scores between the matched pairs is great. Mahalanobis metric matching with the
propensity score matches each subject i in the treated group with a subject j in
the control group according to the closest Mahalanobis distance calculated on the
similarities of the variables:

di = minj|D;;,

where D;; = (W; =W )S~H(W; —~W )T, W is a combined matrix of {X, 7 (X)} and
S is the sample variance—covariance matrix of X for the control group (Rosenbaum
& Rubin, 1985).

Several improvements have been done on the various matching methods. Dehejia
and Wahba (2002) introduced the radius matching that is a form of a calliper
matching except that the matching is one-to-many with each subject i in the treated
group being matched with multiple subjects in the control group within a pre-
specified calliper region. Pan and Bai (2015) extended the calliper matching to
interval matching that matches subjects based on confidence intervals in propensity
scores. Further extensions include the Mahalanobis calliper matching (Guo et al.,
2006) and the genetic matching that are forms of the Mahalanobis metric matching
that uses callipers and weighted Mahalanobis, respectively.
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Several methods have been proposed in the literature to estimate the treatment
effects from the matched sample. The simple approach involves comparing the mean
of the pair differences written as

- 1y -
=—2Yj1—on,
S

where j represents the 1 matched sets and Y jo is the average of K control subjects
in the matched set j (Austin, 2014). We can define the matching with replacement
estimator that attempts to utilise all observations in the data by pairing each subject
in the treated or control group with M subjects of the opposite treatment assignment.
The matching replacement estimator can be written as

~ les = =
5matchrep = ; Z(Yil - Yio0)
i=1

- —Z(ZT - (1 + KM(’)> Y;,

i=1

where

Py = |3 Zjemap Yo 1 Ti=0
1
Y; if T =1
SR Y, if Ti=1
i ey Vi AT =

Ju (i, @) is the set of M observations in the treated group opposite to i with similar
propensity scores and K (i) is the number of times a subject i is used as a match
(Abadie & Imbens, 2006). Abadie and Imbens (2006) proposed an estimator of the
variance for the matching with replacement estimator written as

. | P
2
Var(gmatchrep) = ﬁ Z(Yil —Yio— Smatchrep)
i=1

_ (Xi, Ti), (®)
n2 21: M M
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where M is the number of matches per subject, K /(i) is the number of times subject
i is used as a match, and 82(X i, T;) is the estimated conditional variance given by

2

R J
Uz(Xiv E) - J+1 ( Z YVmU)) ’ (9)

where J is the fixed number of similar subjects